Abstract-This paper analyzes the regulating capabilities of both turbine speed and guide vanes position in an axial-flow propeller turbine. Two neural networks are implemented in order to simulate the turbine behavior and the turbine efficiency. A maximum-efficiency-tracking algorithm is developed to set the guide vanes position.
I. INTRODUCTION
YDROPOPWER is considered to be the most cost effective renewable energy source, currently providing over 80% of all renewable energy. Although it is a competitive and mature technology, with more than a century of experience, there still exists a large technically feasible hydropower potential to be developed, widely spread all over the world [1] .
Small Hydro Power (SHP), understood as the energy generated in any hydro power plant rated at 10 MW or less, has a huge and yet untapped potential specially in low head systems and in the so-called run-of-river hydro plants [2] , usually associated to a small reservoir or head pond, if any, where the water intake is located. In 2005, total SHP capacity in operation in Europe was 11601 MW. 54% of European capacity is located in three countries: Italy is leader (2405.5 MW), followed by France (2060 MW) and Spain (1788 MW) [3] .
In run-of-river hydro plants generated power must be continuously adapted to the actual river inflow. This requires monitoring of the water level at the intake and adjusting the flow through the turbine so as to maintain the level within pre-specified limits. Very few references on water level control in hydropower plants have been found in technical literature [4] [5] [6] .
If conventional hydro generating units are used, head and discharge deviations from the design point involve important decreases in efficiency. By using variable speed hydro generating units, it is possible to avoid this drawback since variable speed operation (VSO) allows the turbine speed to change in accordance with hydraulic conditions so that the efficiency can be improved. In these cases, if the turbine has adjustable guide vanes, two variables are available for turbine control, turbine speed and guide vanes position. One of them can be used to keep the water level within limits whereas the other one can be used to adapt the turbine conditions to actual values of head and discharge.
Usually, water level is kept constant by changing the guide vanes opening [7] [8] [9] , but in some cases, the regulating capability provided by the turbine speed can be greater than that provided by the guide vanes position. Such is the case of the axial-flow propeller turbine studied in this paper. Therefore, turbine speed has been selected as control variable, to maintain a constant water level in the head pond, as in the study presented in [10] .
Axial-flow propeller turbines are high-order, uncertain and non-linear systems and it is really difficult to obtain their mathematical model. Therefore, it is usual to represent the turbine behaviour by numerical tables or hill curves, but if an advanced control strategy is going to be developed, an accurate model is needed in order to perform nonlinear simulations [11] . This paper presents a neural model of an axial-flow propeller turbine of a run-of-river adjustable speed hydro pilot power plant. An ANN has been trained to reproduce the performance of this turbine, using training data obtained from the field measurements gathered on a test bench.
Besides, a maximum-efficiency-tracking algorithm has been developed to set the optimal guide vanes position. Main characteristics of the pilot plant are described in detail and numerical simulations are presented and further discussed.
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F r e q u e n c y C o n v e r t e r P U M P The turbine shaft is coupled to an asynchronous machine through a torque transducer, so that both machines turn at the same speed. The electrical machine is connected to the A.C. grid through a regenerative frequency converter.
In Fig. 1 a diagram of the test loop is shown. The pump is operated by a variable speed drive. Thus, flow and net head applied to the turbine vary accordingly. Turbine speed may be changed by the regenerative converter by adjusting the frequency in the stator side.
The guide vanes are connected to a shift ring which is in turn coupled by a connecting rod to a circular bronze plate, driven by a servomotor (see Fig. 2 ).
Several measurements were carried out in order to evaluate the turbine performance under different operating conditions, namely: flow, net head, guide vanes position, shaft mechanical torque and running speed.
Head-discharge curves were obtained for several values of turbine speed and guide vanes position. In Fig. 3 the head-discharge curves for a fixed guide vanes position, α=10º, are shown, when turbine speed is varied from 1000 to 2000 rpm. Fig. 4 shows the head-discharge curves for a fixed turbine speed value, n t =1800 rpm, when guide vanes position is varied from 0º to 20º.
Analyzing these results, it turns out to be clear that the regulating capability provided by the turbine speed ( Fig. 3 ) is appreciably greater than the one provided by the guide vanes position (Fig. 4) .
B. Hydraulic turbine efficiency
Hydraulic available power is evaluated from the flow and net head experimental measurements using (1):
Where Q (m 3 /s) is the flow rate, H (m) is the net water head, g is the acceleration of gravity (9.81 m/s 2 ) and ρ is the density of water (1000 kg/m 3 ). Mechanical power is evaluated from the torque and angular speed measurements using (2):
Where T is the torque (N.m) and ω is the angular speed (rad/s). Turbine efficiency is then calculated:
C. Neural network models From the experimental measurements obtained, two different Artificial Neural Networks (ANN) have been developed and implemented in MATLAB-Simulink®. The second ANN has a similar structure, with the same three inputs (q-flow, n-speed of rotation and α-guide vanes position, in per unit values), 11 neurons in the hidden layer and 1 output neuron determining the turbine efficiency given in (3). Both ANNs were trained by means of a modified back-propagation algorithm, known as Levenberg-Marquart method [12] , which allows reducing the training time and improves the convergence as compared with the classical training algorithm. A half of the experimental data, randomly selected, was used to train both ANN, whereas the other half was used to validate their performance. Some statistical parameters, such as the mean and maximum absolute errors and its standard deviation, were calculated in order to compare several ANN structure tried to reproduce the turbine performance and to calculate the efficiency (see table I ).
III. PROPOSED CONTROL ALGORITHM
Small run-of-river hydro power plants, as it is shown in Fig. 6 , usually require a water level control due to their limited regulating capability.
If the axial-flow propeller turbine under study is used in a run-of-river hydro power plant, two different control variables are available: turbine speed and guide vanes position. From the experimental results (see Figs. 3 and 4) , a control algorithm composed of two differentiated control loops is proposed. In the first control loop, a conventional PID controller tuned adequately is used to keep the water level within operational limits. The selected control variable is the turbine speed, which is continuously adjusted through the regenerative frequency converter.
Since a second control variable, guide vanes position, is available, it is possible to increase the turbine efficiency by modifying the guide vanes position to its optimal value in a second control loop.
This second adjustment must be done once the water level in the head pond has been stabilized, thus avoiding to interfere with the first control loop dynamics.
A maximum efficiency tracking algorithm will choose, from a look-up table, the guide vanes position which generates the largest turbine efficiency for the actual river flow. 
IV. MAXIMUM EFFICIENCY TRACKING ALGORITHM
In order to fill in the optimal look-up tables, several simulations of the first control loop have been performed, sweeping different combinations of river flow and guide vanes position. During each simulation, river flow is varied and guide vanes position and water level reference are kept fixed.
Turbine speed is adjusted by the PID controller, in order to keep constant the water level in the head pond. Both ANN are used during this simulation to model the turbine dynamics and to obtain the turbine efficiency. Simulation stops when the water level and turbine speed are both stabilized. Then, river flow, guide vanes position and turbine efficiency data are stored in the look-up table. (see Fig. 7 ).
The maximum efficiency tracking algorithm will search, during the second control loop, the largest value of turbine efficiency within a particular row, corresponding to a fixed river flow, giving the optimum guide vanes position.
V. EXPERIMENTAL PILOT PLANT DESCRIPTION
The axial-flow propeller turbine under study was moved to a pilot plant constructed at the Hydraulics Laboratory. This experimental pilot plant is a scaled prototype of a diversion run-of-river hydro power plant as shown in Fig. 6 . A description of this facility is given in Fig. 8 .
The complete system is composed of: cylindrical water tank (playing the role of the head pond), where the water level must remain constant; head-race conduit; surge tank; penstock; turbine generating unit; and draft tube.
VI. PILOT PLANT SIMULATION MODEL
A model of this pilot hydro plant has been developed in MATLAB-Simulink®. It should be noted that the developed model assumes that the water inlet to the surge tank remains closed by means of an appropriate flap valve. The block diagram of this model is shown in Fig. 9 .
The control loop implemented maintains the water level in the head pond close to its reference value by means of a conventional PID regulator that provides the speed control signal when the river flow varies. PID controller has been adjusted using the sustained oscillation method [13] , [14] .
This method determines the gain at which the loop with only proportional control will oscillate, named K critical , and then derives the controller gain, integral time constant, and derivative values from the gain at which the oscillations are sustained and the period of oscillation at that gain, T critical . Once the water level in the head pond has been stabilized, the maximum efficiency tracking algorithm searches the optimal guide vanes position. Then, this variable is adjusted through a smooth transition, in order to avoid interfering with the control level loop dynamics. A more complete description of the different blocks of the model can be found in [15] . (Fig. 11) . System reaches a new equilibrium point, but the turbine efficiency drops significantly, from 90.8% to 79.7%, as shown in Fig. 12 .
After a steady-state operating point is reached, it is possible to increase the turbine efficiency, by modifying the guide vanes position. Optimal guide vanes position is evaluated by maximum efficiency tracking algorithm.
Guide vanes position is smoothly changed from 0 p.u. to 1 p.u., as shown in Fig. 13 . During this variation, head pond water level is kept constant, by the action of the PID and the turbine speed is slightly modified (see Fig. 14) .
By adjusting optimally the guide vanes position, the turbine efficiency can be improved up to 90%, as it is shown in Fig. 15 .
VIII. CONCLUSION
A low head laboratory facility has been built to study operation and control of run-of-river diversion hydro plants. An axial-flow tubular propeller turbine with four adjustable guide vanes is used. The operational characteristics of the turbine have been obtained in an appropriate test bench and two neural networks have been trained and implemented to perform nonlinear simulations. Regulating capabilities of 
